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ABSTRACT: This study presents a methodological discourse about how to validate the reliability 
of thematic maps derived from multi-resolution satellite-based image classification. Besides, the 
paper examines unbiased estimates of accuracy assessment using known sampling units. Landsat 
and SPOT images were used for LULC thematic layer extraction. These thematic layers together with 
reference data extracted from panchromatic aerial photo interpretation and ground survey were 
used as input datasets for accuracy assessment and validation analysis. For each LULC unit, a 
minimum of 50 reference samples were derived using a stratified random sampling scheme. 
Consequently, error matrices were generated to validate the quality of the 1973, 1995 and 2007 LULC 
maps. To improve sampling biases introduced due to the stratified random sampling reference data 
collection scheme, accuracy assessment indices including the producer’s, user’s and overall 
accuracy as well as Kappa coefficient of agreement were adjusted to the known areal proportion of 
map categories. The computed overall accuracy, corrected for bias using known marginal 
proportions of the 1973, 1995 and 2007 thematic layers were 88.12%, 89.95% and 92.27%, 
respectively. Also, 81.20%, 82.17% and 83.11% of Kappa coefficient of agreement were achieved 
from the 1972, 1995 and 2007 classifications, respectively. The findings show that high resolution 
aerial photos are good sources of  reference datasets in the absence of historical ground truth data 
for accuracy assessment analysis and the LULC classifications fulfilled the minimum of LULC 
classification standards of overall accuracy and Kappa coefficient of agreement. Consequently, all 
the LULC classifications could be used as an input for policy options for integrated land resource 
management practices in the watershed studied.  
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Why mapping environmental catastrophes and 
geo-environmental resources as well as assessing 
the validity of these maps? Environmental disas-
ters and natural resource removals are very 
critical globally. As a result, natural resources are 
scarce; and land resource exploitation is often 
initiated with de-vegetation and accompanied by 
land degradation and thus contributes to con-
flicts over resource uses (Hunter, 2000; Steffen et 
al., 2005). Exploitative resource use and conse-
quent degradation is a threat to rural livelihood 
and sustainable development especially in devel-
oping countries. To counteract inappropriate 
resource exploitation, mapping of the complex 
geo-system elements is an essential input for pol-
icy decisions (Metzger et al., 2006; Meng, 2010). 
Accordingly, Congalton and Green (2009:1) ar-
gued that “decisions about environmental issues 
require maps, and effective decisions require 
accurate maps or at least maps of known accu-
racy”. In this regard, optical, hyperspecteral and 
microwave-based remotely sensed data provide 
opportunities to produce maps, which portray 
the landscape characteristics with reasonable 
quality. Since the first aerial photograph was 
captured from a balloon in 1858 (Congalton and 
Green, 2009) and the launch of the first Landsat 
satellite in 1972 (De Jong et al., 2005), efforts have 
been made to extract landscape level information 
from remotely sensed data. Providing input 
datasets for environmental resource mapping in 
general and Land-use/Land-cover (LULC) the-
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matic layer generation in particular is the most 
widespread application of Earth observation 
satellite science and technology (Foody, 2002). 
LULC information allow contrasting the land 
diversity across geographic dimensions, quan-
tifying LULC dynamic processes and input 
datasets for climate change predictions, soil 
erosion analyses, hydrological models and policy 
options (Jensen, 2005; Thapa and Murayama, 
2008). 
 Although the recent advancement of geo-
visualization techniques is tremendous, auto-
mated digital image classification is still unable 
to produce maps with optimal accuracy level. In 
this regard, Meng (2010) argued that map mak-
ing by using remotely sensed data poses a chal-
lenge for cartographers to publicize their knowl-
edge to the largest possible number of users. 
Digital satellite image interpretation mostly 
contains classification errors resulting from the 
lack of a complete one-to-one agreement between 
remotely sensed data and features on the earth’s 
surface (Foody, 2002; Congalton and Green, 
2009). Errors in thematic maps derived from 
remotely sensed datasets could be termed as the 
deviation of classified data value from the 
considered or measured true value. These errors 
and limitations are the result of the very lengthy 
and complicated remotely sensed data acquisi-
tion and interpretation processes (Congalton and 
Green, 2009; Gao, 2009). However, maps derived 
from remotely sensed data should be validated 
based on widely adopted thematic map quality 
control system standards for their end users 
(Litwin and Rossa, 2011; ISO, 2002). In the light of 
this, prior to using for various applications, 
remote sensing-derived products (e.g., LULC 
maps, environmental resource thematic layers, 
natural-disaster hotspot inventory maps, etc.) 
should be subjected to classification accuracy 
assessment (CAA) analysis (Stehman and Czap-
lewski, 1998). Lillesand et al. (2008:585) noted that 
“… a classification is not complete until its accu-
racy is assessed”. Accuracy assessment begins 
with the definition of the entire geographical 
dimension of the study area from which LULC 
thematic layers and reference sample units in the 
form of polygons (patches) or points (pixels) are 
extracted. 
 Data from field survey, airborne videos and 
high resolution aerial photographs/satellite im-
ages are the main sources of ground truth refer-
ence datasets for CAA. In addition, a wide range 
of sampling designs have been proposed in the 
literature for the extraction of reference samples 
including random, systematic, clustered and 
stratified samples or a combination of them 
(Stehman and Czaplewski, 1998; Congalton and 
Green, 2009). The error matrix also called a con-
fusion matrix or a contingency table is the most 
appropriate tool for validating the accuracy of 
remotely sensed data classification and reporting 
classification errors. Thus, thematic map accu-
racy assessment is used to express the degree of 
correctness of pixels in remote sensing based 
thematic maps as compared to the ground truth 
reference information (Jensen, 2005). 
 Accordingly, univariate statistical measures 
such as producer’s, user’s and overall accuracies 
as well as omission and commission errors are 
frequently used to report classification errors. In 
addition, a discrete multivariate statistical model 
of ‘Kappa Coefficient Index’ has become a widely 
used standard tool for CAA procedures (Congal-
ton et al., 1983; Congalton, 1991; Jensen, 2005; 
Lillesand et al., 2008; Gao, 2009; Congalton and 
Green, 2009). However, researchers such as Steh-
man and Czaplewski (1998); Pontius (2000) and 
Foody (2002) criticized the Kappa coefficient 
index application to report CAA because this in-
dex may overestimate the chance agreement that 
may result in an underestimation of classification 
accuracy. Pontius and Millones (2011) also rec-
ommended that quantity disagreement and allo-
cation disagreement indices could be used to 
report CAA instead of using the Kappa index. 
 On the other hand, after acknowledging the 
limitations of Kappa agreement, Congalton and 
Green (2009:115) noted that “given the very pow-
erful properties of the Kappa coefficient, includ-
ing the ability to test for significant differences 
between two independent coefficients, it must 
still be considered a vital accuracy assessment 
measure”. The value of the Kappa coefficient 
usually ranges from 0 to 1 (Lillesand et al., 2008). 
Although a Kappa coefficient of 0.85 is consid-
ered as a benchmark for acceptable CAA without 
detailed explanation (Anderson et al., 1976; Van 
Genderen et al., 1978; Brown, 2005; Jensen, 2005). 
In contrast, Landis and Koch (1977) and Congal-
ton and Green (2009) argued that a computed 
Kappa value greater than 0.80 represents strong 
(almost perfect) agreement; a value between 0.40 
and 0.80 represents moderate to substantial 
agreement and a value below 0.40 represents fair 
to poor agreement. 
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 LULC classification validation has established 
renewed interest parallel to the advent of remote 
sensing technology, however, “failure to know 
these techniques and considerations can severely 
limit one's ability to effectively use remotely 
sensed data” (Congalton, 1991). These days, 
many scientific communities published quite a 
number of articles using remotely sensed data to 
address various environmental and social related 
issues. Unfortunately, evaluating and validating 
the accuracy of thematic maps, derived from 
remotely sensed datasets, have been incomplete 
with the majority of studies and the findings of 
these studies not verified using CAA. Examples 
on LULC classification studies include Bruzzone 
and Serpico (1997) in Italy, Sierra (2000) in Napo 
region of the western Amazon, Reid et al. (2000) 
in Ethiopia, Kibrom Tekle and Hedlund (2000) in 
Ethiopia, Lopez et al. (2001) in Mexico, Gete 
Zeleke and Hurni (2001) in Ethiopia, Woldeam-
lak Bewket (2002) in Ethiopia, Talukdar et al. 
(2004) in India, Comber et al. (2004) in Scotland, 
Bezuayehu Tefera and Geert Sterk (2008) in 
Ethiopia, Thapa and Murayama (2008) in Nepal, 
Wu et al. (2008) in China and Attua and Fisher 
(2011) in Ghana. The findings and conclusions in 
the above studies were not supported by a full-
fledged statistical map classification accuracy 
and validation assessments. 
 The main purpose of this study was to dis-
course the scientific application of accuracy 
assessment methods used to analyze CAA to 
enhance the knowledge of assessing the quality 
of thematic maps. The three dates (1973, 1995 and 
2007) of the Modjo watershed LULC classification 
maps as map accuracy assessment sample 
datasets and independently derived ground truth 
facts as reference accuracy assessment sample 
datasets were considered as input for this dis-
course. Therefore, this article contributes to ad-
dressing the CAA methodological gap and aims at 
presenting a methodological argument for the 
validation of LULC classification by using retro-
spective aerial photographs as reference datasets, 
where historical ground truth reference data 
relevant to CAA are almost lacking, a situation 
typical in many developing countries. The 
specific objectives of the study were: i) to 
examine the potential of reference datasets 
obtained from historical high resolution aerial 
photographs for evaluating LULC classification 
accuracy assessment; ii) to evaluate the useful-
ness of the 1973, 1995 and 2007 satellite images to 
generate high-quality LULC thematic layer infor-
mation and validating the quality of these maps 
using accuracy assessment; and iii) to compare 
and inspect the accuracies of these classified 
thematic maps derived from multi-date satellite 
images having different spatial resolution as per 




DATA AND METHODS 
 
Application to the Modjo River watershed  
The Modjo River watershed (1,478 km2), consid-
ered as a case study site to derive thematic layers 
for this discourse, is found in the upper Awash 
River Basin of Ethiopia, stretching over 8° 35' 00'' 
to 9°05' 11'' N and 38°54' 35'' to 39°15' 30'' E (Fig. 
1). The watershed is characterized by undulating 
topography with hills, mountains, plains and 
river valleys. Elevation ranges from 1,740 to 3,060 
masl and the slopes are generally steeper in the 
north-western part of the watershed. The central 
and downstream parts of the watershed are 
characterized by relatively flat landforms and 
gentle slopes. 
 The Modjo River is a major perennial river in 
the study area and drains into the Koka Reser-
voir. Hora-Kilole, Hora-Hado, Bishoftu Guda, 
Hora Arsedi and Bishoftu crater lakes found in 
the watershed. Chefe Donsa, Godino, Debre Zeit 
(Bishoftu), Ejeri and Modjo are the major urban 
settlements in the watershed. Trees, shrubs and 
grasses are the major plant morphological types 
in the study watershed under consideration. A 
mixed crop-livestock system is the typical eco-
nomic activity for the rural population of the 
watershed. 
 
Data inputs and image classification 
Classification input datasets 
 Input datasets such as the Landsat and SPOT 
imagery, aerial photographs and field survey 
were used for LULC classification and CAA (Table 
1). All these datasets were imported into geospa-
tial software for further processing. The spatial 
reference local coordinate systems including 
geodetic datum of Adindan and UTM Zone 37 
North projection were employed to register all 
the spatial datasets used in this study. Image pre-
processing, classification and CAA were under-
taken using ERDASIMAGINE 9.3 software. A mini-
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mum of 10 ground control points were digitized 
from digital aerial photographs and topographic 
maps, which were orthorectified and georefer-
enced by Ethiopian Mapping Agency (EMA). 
These ground control points were used for orth-
orectifying the satellite imageries. A total ‘Root 
Mean Square (RMS)’ error of 0.49, 0.43 and 0.32 
pixel values for Landsat MSS, Landsat TM and 
SPOT, respectively, were reported. False Colour 
Composite (FCC) in Red-Green-Blue (RGB) order, 
linear contrast stretching and histogram equali-
zation enhancement techniques were used to 
enhance visualization and image interpretation 
of the various features. Ground visit was carried 
out in October 2011 for training and reference 





Figure 1. Location of Modjo watershed in the central highlands of Ethiopia. 
 
 
Table 1. Input data used for LULC classification and accuracy assessment validation.  
 
Dataset Acquisition Date Resolution(m) Purpose Source 
Landsat_1 MSS (P180/1/R54) 01.30.1973 57 X 57(m) Classification GLCF* 
Landsat _5 TM (P168/R54) 03.19.1995 28.5 X 28.5(m) Classification GLCF* 
SPOT_5 03.08. 2007 10  X 10(m) Classification Commercial data provider 
5 Scene Aerial Photos Junauary,1972 Scale- 1:50,000 Reference EMA** 
11 Scene Aerial Photos 12.12 1994 Scale- 1:10,000 Reference EMA** 
 GPS Field survey October 2010      - Reference Own  Survey 
Topographic Maps; Sheet No. 
0939_C4,0938_C3, 0838_B2, 0839_A1, 
0838_B4,0839_A3, 0839_A4, 0938_C3, 
 








*Global Land Cover Facility,    ** Ethiopian Mapping Agency 
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 After preparing satisfactory training site signa-
tures based on aerial photo interpretations and 
field survey, the images of three years (1973, 1995 
and 2007) were classified into nine generalized 
LULC types (Figs 2 A, B & C). The images were 
classified using supervised image classification in 
line with the Maximum Likelihood Classification 
Algorithm (Jensen, 2005; Lillesand et al., 2008; 
Gao, 2009). Nine dominant LULC classes in the 
Modjo watershed, namely bare, cultivated, forest, 
grassland, marshland, plantations, shrub, urban 
and water bodies were identified and considered 
in this study. However, the classified images 
contained ‘salt-and-pepper’ (pixel speckling) 
noise caused by mixed pixels in some classes 
within another dominant class. As suggested by 
Lillesand et al. (2008), a 5 × 5 window majority 
neighbourhood filter was run to minimize such 
pixels noise and eliminate small patches of 
isolated pixels. Then, LULC maps and statistics 
were extracted to explain the detailed character-
istics of Modjo watershed historical landscape 
fragmentation. 
 
Reference sample size determination 
Reference sample data extraction depends upon 
two types of sampling units, i.e., pixels (points) 
and polygons (patches). In this study, the LULC 
maps were derived by pixel-based image classifi-
cation so that pixel level sampling units were 
adopted. Aerial photographs were used as sam-
ple reference data source for the 1973 and 1995 
LULC classification accuracy assessment. On the 
other hand, field survey samples were used as 
reference data for the 2007 LULC CAA. The digital 
aerial photos were manually interpreted and 
reference samples for each LULC category were 
precisely identified, digitized and recorded along 
with their attributes. The field survey samples 
were identified and encoded with the assistance 
of a positioning device, a Trimble Handheld GPS 
data logger. After LULC classification and deriva-
tion of representative reference data, overlay 
analyses were carried out using ERDAS IMAGINE 
9.3 software to evaluate the accuracy of the 
classification. 
 Reference sample size should be kept as small 
as possible, but still be capable of meeting re-
quirements to assess the accuracy of the classified 
maps (Gao, 2009). Although various mathemati-
cal theories were developed to determine ade
quate sample sizes for CAA (Jensen, 2005; Gao, 
2009), no standardized consent has been reached 
yet regarding the adequate sample size determi-
nation. However, a general “rule of thumb” 
approach is recommended by researchers. For 
example, Gao (2009) proposed that the minimum 
sample size for each LULC class, necessary for 
85% and 90% accuracy interpretation is to be set 
to 20 and 30, respectively. On the other hand, 
Jensen (2005), Lillesand et al. (2008) and Congal-
ton and Green (2009) argue that any sample size 
of less than 50 will be unsatisfactory for error 
estimations and in most cases a minimum of 50 
samples for each map class should be collected 
for maps of <4,000 km2 in size and fewer than 12 
classes. Thus, by considering the size of Modjo 
watershed (1,478 km2) and the identified nine 
LULC classes, an economical and satisfactory 
sample size i.e., a minimum of 50 samples per 
LULC category was used (Tables 3, 5 and 7). 
Among other sampling techniques, a stratified 
random sampling scheme was used to generate 
reference sample datasets. The main advantage 
of this type of sampling scheme for this study is 
that no matter how small a LULC class is in size or 
limited in its spatial extent, smaller areas can be 
adequately represented (Gao, 2009). However, 
bias can be introduced into the error matrix due 
to this sampling technique (Card, 1982). 
 
Bias correction and indices of accuracy assess-
ment 
 Although the principle of error matrix analysis 
and indices of CAA have been dealt with in the 
literature (Card, 1982, Lillesand et al., 2008, 
Congalton and Green, 2009; Gao, 2009), the 
mathematical notations of the error matrix cou-
pled with estimated unbiased sampling proce-
dures are briefly described below. Let, the sam-
ple of n points are derived and the results are 
tabulated in a two-way square contingency table 
(m x m) where nij denotes the number of points in 
the sample whose reference data category is i (i = 
1,2,…, m) and whose LULC map category is j (j= 
1,2,…, m) (Equation 1). The diagonal elements in 
the error matrix represent correctly classified 
pixels whereas the off-diagonal cell values show 
misclassified pixels in the form of either ‘errors of 
omission’ (non-diagonal column elements) or 
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    ........................................ (1) 
 where,  
  m stands for the number of LULC classes, 
 nij is individual cell value in the error matrix 
whose true category is i and whose map 
category is j,  
nii are values in the major diagonal line,  
n.i is the column marginal sum in the true 
reference dataset,  
nj. is the row marginal sum in the classified 
images and n is the total number of sam-
ples examined. 
 
 However, direct interpretation of the error 
matrix result from classified map and reference 
samples generated using the stratified random 
sampling method cannot be possible due to the 
problem of sampling bias (Card, 1982). Owing to 
this, the probability estimate method developed 
by Card (1982) was used and tested to compute 
unbiased summary statistics. The sampling bias 
was first corrected using the known (true) map 
marginal proportions (πj). Rearranging the error 
matrix and the sampling design of stratified 
random sampling methods and computing the 
individual cell probabilities are the initial phases 
in CAA. 
  𝑃𝑃𝑖𝑖𝑖𝑖 =
𝜋𝜋𝑖𝑖 𝑛𝑛𝑖𝑖𝑖𝑖
𝑛𝑛𝑖𝑖 .
  ................................................ (2) 
 where,  
  Pij stands for individual cell probabilities,  
  πj is the known map marginal proportions for 
each LULC map category j,  
  nij and nj. as previously defined. 
 
 After the individual cell probabilities correc-
tion, the true marginal proportions (marginal 
column value) for given true class i and the re-
motely sensed image classification marginal pro-
portions (marginal row value) for j is computed 
using the following equations:  
 




𝑖𝑖=1  ............................................... (3) 




𝑖𝑖=1  ............................................... (4) 
 where, 
  𝑃𝑃�𝑖𝑖  is true marginal proportion?  
  𝑃𝑃�𝑖𝑖  is the remotely sensed data classification 
marginal proportion,  
  πj,  nij, n.i and nj. as previously defined. 
 Producer’s accuracy (probability correct, given 
true class i) indicates how well the samples from 
the reference data can be mapped on the LULC 
thematic layers derived from the remotely sensed 
image. Computing the producer’s accuracy is the 
next step in CAA and can be calculated using the 
following equation: 
  𝜃𝜃�𝑖𝑖𝑖𝑖 =
𝑃𝑃�𝑖𝑖𝑖𝑖
𝑃𝑃�𝑖𝑖
    ...................................................... (5) 
 where, 
  𝜃𝜃�𝑖𝑖𝑖𝑖  stands for probability correct of the true 
class ‘i’,  
  𝑃𝑃�𝑖𝑖𝑖𝑖  is the diagonal cell value of each  category 
in the cell probability matrix, and  
  𝑃𝑃�𝑖𝑖  as previously defined. 
 
 User’s accuracy (estimates of probability cor-
rect, given map class j) indicates that the prob-
ability of a sample from the classification repre-
sents an actual class in the ground reference data. 
This computation is made exactly by taking the 
diagonal cell values of the error matrix and 
dividing by the row (j) marginal values. 
 
  ?̂?𝜆𝑖𝑖𝑖𝑖 =
 𝑛𝑛𝑖𝑖𝑖𝑖
𝑛𝑛𝑖𝑖 .
   or   ?̂?𝜆𝑖𝑖𝑖𝑖 =
 𝑃𝑃�𝑖𝑖𝑖𝑖
𝑃𝑃�𝑖𝑖
 ............................... (6) 
 where, 
 ?̂?𝜆𝑖𝑖𝑖𝑖  is the probability correct given map class j,  
 njj,  nj.,  𝑃𝑃�𝑖𝑖𝑖𝑖  and 𝑃𝑃�𝑖𝑖  as previously defined. 
 
 Overall accuracy (overall probability correct) is 
determined by dividing the total correct pixels 
(sum of the main diagonal elements) by the total 
number of accuracy assessment pixels in the 
error matrix (n). Overall probabilities corrected 
for stratified random sampling were computed 
using the formula developed by Card (1982). 




𝑖𝑖=1  .............................................. (7) 
 where,  
  𝑃𝑃�𝑐𝑐  is the overall probability correct,  
  m, πi,  njj, and nj as previously defined. 
 
 The Kappa coefficient of agreement (𝛫𝛫�) is the 
other commonly used discrete multivariate statis-
tical measure that can be used to test LULC classi-
fication accuracy based on remote sensing de-
rived datasets and the reference data. The esti-
mator Kappa for stratified sampling is computed 
as: 
  𝛫𝛫�  =
𝑛𝑛�  𝑃𝑃�𝑖𝑖𝑖𝑖
𝑚𝑚






 ........................... (8) 
 where, 
  𝛫𝛫� is the Kappa coefficient;  
  m, n, 𝑃𝑃�𝑖𝑖𝑖𝑖  , 𝑃𝑃�𝑖𝑖 . and 𝑃𝑃�.𝑖𝑖  as previously defined. 
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RESULTS AND DISCUSSION 
 
LULC mapping and classification summary 
The following analysis is mainly focused on LULC 
classification derived from multi-level spatial 
resolution remotely sensed images and valida-
tion of these thematic maps. The Modjo water-
shed historical LULC maps coupled with its areal 
extent and statistics are presented in Figures 2A, 
B & C and in Table 2. 
 In general, extents of bare, cultivated and 
urban lands have expanded at the expense of 
other land cover types since 1973. On the other 
hand, the spatial extent of forest, grassland, 
shrub and marshy areas have declined primarily 
due to the conversion of these cover types into 
cultivated lands. The watershed was dominated 
by cultivated, forest, grass, shrub and plantations 
lands in 1973. In 1995, the share of bare, culti-
vated and built-up areas increased whereas the 
various vegetation covers such as forest, grass 
and shrub land categories declined drastically. 
 Subsequently, the size of cultivated land has 
expanded at the expense of other LULC classes, 
and 74.9% of the watershed was under cultivated 
land category in 2007. These transformation proc-
esses have largely been due to human activities. 
Typically, the increasing demands for cultivated 
land, fuel wood, construction materials and graz-
ing land aggravated the trends of plant cover 
fragmentation and degradation. The long history 
of human settlement, coupled with high popula-
tion growth and density has been putting escalat-
ing stress on vegetation covers and agricultural 
land productivity. 
 
Accuracy assessment analysis 
 For this analysis, 562 and 563 reference sam-
ples, derived from aerial photo interpretation, 
were used to validate 1973 and 1995 LULC classi-
fications, respectively (Tables 3 and 5), whereas 
the 2007 classification was tested using 565 field 
survey ground truth data (Table 7). In line with 
the three LULC maps, six error matrices were 
generated by cross tabulating each LULC classifi-
cation with the respective reference sample. 
However, the computed values in Tables 4, 6 and 
8 differ from the original error matrices in Tables 
3, 5 and 7 because these later values have been 
corrected for bias by incorporating the true 
marginal proportions using Equation 2. These 
tables are populated by the product of individual 
cell probabilities (Pij) and the known map 
marginal proportions (πj) divided by the raw 
marginal of the original error matrices. 
Subsequently, various CAA indices were com-
puted from these adjusted error matrices. 
However, it should be noted that estimates of 
probability correct, given the map category 
(user‘s accuracies) are straightforward using 
Equation 6 and not affected by this bias adjust-
ment calculation. 
 Tables 3 and 4 summarize error matrices for 
the 1973 LULC classification. However, Table 4 is 
populated by the individual cell probabilities of 
year 1973 classification after original error matrix 
(Table 3) bias is corrected. The overall accuracy 
(overall probability correct) and the K^ agreement 
of this classification were 88.12% and 81.20%, 
respectively. 
 The individual map categories were catego-
rized under high user’s accuracies (between 
80.33% and 98.08%) whereas producer’s accura-
cies of the individual LULC classes range from 
37.54% to 100%. Cultivated land, grassland, 
shrub land and water bodies are the most 
accurate classes with combined user’s and 
producer’s accuracies of above 80% at individual  
 
Table 2. LULC types and area measurements of the Modjo watershed for 1973, 1995 and 2007. 
 
Types 1973  1995  2007 Area(km2) %  Area(km2) %  Area(km2) % 
Bare 41.48 2.81  46.32 3.13  53.34 3.61 
Cultivated 812.75 55  973.24 65.86  1107.15 74.92 
Forest 16.87 1.14  7.50 0.51  4.34 0.29 
Grassland 319.10 21.59  182.12 12.32  80.50 5.45 
Marsh  6.30 0.43  5.22 0.35  4.50 0.30 
Plantation 7.86 0.53  23.21 1.57  18.07 1.22 
Shrub land 212.74 14.4  161.25 10.91  125.64 8.50 
Urban 53.91 3.65  67.42 4.56  74.36 5.03 
Open water 6.75 0.46  11.48 0.78  9.86 0.67 
Total 1477.76 100  1477.76 100  1477.76 100 


































Figure 2. LULC classification maps for the Modjo watershed during the three reference periods based on A) 1973 (MSS 
Landsat, B) 1995 (TM Landsat), and C) 2007 (Spot) imageries. 
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class level (Table 4). High classification confusion 
is observed mainly from bare, cultivated, grass-
land, shrub and urban lands. For example, classi-
fication ambiguities were identified between 
cultivated land and bare land, cultivated land 
and grassland, cultivated land and marshland 
and cultivated land and urban lands. In this 
regard, 17.65% of the reference samples that 
should have been classified as cultivated land 
were excluded from this land use category due to 
error of omission, whereas 11.58% of sample 
classified pixels were inappropriately included 
into the cultivated land category due to error of 
commission from bare land, grassland, shrub 
land and urban lands (Table 3). 
 Although information regarding the type of 
sampling scheme and bias correction procedure 
is not clearly stated in many reviewed articles, 
this finding was comparable to other studies 
carried out in different regions using remotely 
sensed data sources and classification approach. 
For instance, Reis (2008) analyzed the year 1972 
MSS Landsat image, which covers about 2,179 
km2 in the Rize region of northeast Turkey and 
reported slightly similar overall accuracy and 𝛫𝛫� 
agreement values of 84.4% and 82.3%, respec-
tively. After analyzing the 1972 MSS Landsat 
image in Rhode Island (2,808 km2), Novak and 
Wang (2004) also reported 95% overall classifica-
tion accuracy for the three generalized LULC 
classes i.e., urban, forest and agriculture. How-
ever, this overall accuracy value confirmed that 
there is a considerable deviation (higher than 
about 7%) from the present findings. This is 
probably due to the fact that the fewer the LULC 
classes (three classes only), the higher the 
accuracy value achieved would be. 
 





BL CL FL GL MA PL SL UL WB n j. UAcc. (%) 
BL 47 3 - 3 - - 1 - - 54 87.04 
CL 3 84 - 4 - - 1 2 - 95 89.36 
FL - - 47 - - - 4 - - 51 92.16 
GL 1 6 - 65 1 - - - - 73 89.04 
MA - 5 - 5 49 - 2 - - 61 80.33 
PL - - - 2 - 47 2 3 - 54 87.04 
SL 1 - 4 3 - 3 57 1 - 68 82.61 
UL - 4 - - - 2 2 46 - 54 85.19 
WB - - - - 1 - - - 51 52 98.08 
n.i  52 102 51 82 51 52 69 52 51 n=562 OAcc= 87.72% 
Κ�= 86.09% PAcc (%) 90.38 82.35 92.16 79.27 96.08 90.38 82.61 88.46 100  
 
Note: BL= Bare land; CL= Cultivated land; FL= Forest; GL= Grassland; MA= Marshy land; PL= Plantation; SL= Shrub land; 
UL= Urban land; WB= Open water bodies; UAcc.= User’s Accuracies;  PAcc. Producer’s Accuracies, OAcc =Overall 
Classification Accuracy; Κ� = Kappa Statistics; n.i is the column marginal sum in the reference datasets; nj. is the row 
marginal sum in the classified image; n is the total number of samples examined and blank cells indicate 0 occurrences. 
 
 






BL CL FL GL MA PL SL UL WB 𝑃𝑃�𝑖𝑖  UAcc (%) πj 
BL 0.0244 0.0016 - 0.0016 - - 0.0005 - - 0.028 87.04 0.028 
CL 0.0174 0.4863 - 0.0232 - - 0.0058 0.0117 - 0.550 89.36 0.550 
FL - - 0.0105 - - - 0.0009 - - 0.011 92.16 0.011 
GL 0.0030 0.0177 - 0.1923 0.0030 -  - - 0.216 89.04 0.216 
MA - 0.0003 - 0.0003 0.0034 - 0.0001 - - 0.004 80.33 0.004 
PL - - - 0.0002 - 0.0046 0.0002 0.0003 - 0.005 87.04 0.005 
SL 0.0021 - 0.0085 0.0064 - 0.0064 0.1207  0.0021 - 0.144 82.61 0.144 
UL - 0.0027 - - - 0.0014 0.0014 0.0311 - 0.036 85.19 0.036 
WB - - - - 0.0001 - - - 0.004 0.005 98.08 0.005 
𝑃𝑃�𝑖𝑖   0.0469 0.5087 0.0190 0.2239 0.0065 0.0123 0.1296 0.0487 0.0045 1 OAcc = 88.12% 
PAcc (%) 52.12 95.6 55.4 85.88 52.93 37.54 93.14 68.81 100 Κ� =81.20% 
 
Note: All abbreviations as defined in Table 3. 
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 Error matrices for year 1995 classification are 
presented in Tables 5 and 6. Table 6 is populated 
by individual cell probabilities entries. Based on 
this error matrix, individual level user’s (prob-
ability correct, given LULC classified categories) 
and producer’s (probability correct, given true 
classes) accuracies are ranging from 79.8% to 
100% and 46.97% to 100%, respectively. Culti-
vated, grassland, shrub, urban and water bodies’ 
classes had the highest producer’s and user’s 
accuracies (>80%). Regarding user’s accuracy, 
seven LULC categories had the highest values 
(>90%) whereas grassland and shrub lands have 
82.43% and 78.38% user’s accuracy values, re-
spectively (Table 6). In this LULC classification, 
vivid misclassifications (confusions) were identi-
fied with LULC classes of bare, cultivated, grass-
land, and shrub land. Some of this confusion 
occurs because of the mixed-pixel problem, in 
which a given entity (a pixel) may have partial 
membership in more than one LULC category. For 
instance, some portion of shrub lands were 
classified as cultivated, grassland and plantation 
LULC categories. On the other hand, 21.62% of the 
LULC sample category was incorrectly included 
into the shrub land category from other classes 
including bare, cultivated, forest, grassland, 
plantation and urban land. On the other hand, 
due to error of omission, 10% of the reference 
samples that should have been classified as shrub 
land are excluded from this land use category. 
 





BL CL FL GL MA PL SL UL WB nj. UAcc (%) 
BL 46 3 - 2 - - - - - 51 90.20 
CL 3 98 - 2 - - 2 1 - 106 92.45 
FL - - 49 - - 2 - - - 51 96.08 
GL 2 3 1 61 2 2 3 - - 74 82.43 
MA - 2 - 3 49 - - - - 54 90.74 
PL - - 1 - - 46 4 - - 51 90.20 
SL 1 5 1 4 - 1 58 4 - 74 78.38 
UL - - - - - - - 48 - 48 100.00 
WB - - - - 2 - 1 - 51 54 94.44 
n.i 52 111 52 72 53 51 68 53 51 n= 563 OAcc=89.88% 
Κ� = 88.47% PACC (%) 88.46 88.29 94.23 84.72 92.45 90.2 79.71 92.31 100  
 










BL CL FL GL MA PL SL UL WB 𝑃𝑃�𝑖𝑖  UAcc (%) πi 
BL 0.0283 0.0018   0.0012           0.031 90.20 0.031 
CL 0.0186 0.6089   0.0124     0.0124 0.0062   0.659 92.45 0.659 
FL     0.0049     0.0002       0.005 96.08 0.005 
GL 0.0033 0.0050 0.0017 0.1016 0.0033 0.0033 0.0050     0.123 82.43 0.123 
MA   0.0001   0.0002 0.0032         0.004 90.74 0.004 
PL   0.0003 0.0003     0.0142 0.0012     0.016 88.46 0.016 
SL 0.0015 0.0075 0.0015 0.0060   0.0015 0.0867 0.0045   0.109 79.45 0.109 
UL               0.0456   0.046 100.00 0.046 
WB         0.0003   0.0001   0.0073 0.008 94.44 0.008 
𝑃𝑃�𝑖𝑖  0.0517 0.6236 0.0083 0.1214 0.0068 0.0192 0.1055 0.0563 0.0073 1 OAcc=89.95% 
Κ� = 82.17% PACC 54.65 97.63 58.44 83.67 46.97 73.82 82.18 81.01 100   
 
Note: All abbreviations as defined in Table 3. 
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 The overall accuracy for the 1995 TM Landsat 
image classification was 89.95% with a Κ� agree-
ment of 82.17%, which is by far better than the 
1973 LULC classification (Table 5). The computed 
accuracy assessment statistical measures were 
more or less similar with results of Kuemmerle et 
al. (2009), who analyzed a 1995 TM Landsat image 
and achieved 92.5% overall accuracy and 89% of 
Κ� agreement values. Yuan et al. (2005) used TM 
Landsat images of 1986, 1991 and 1998 and an 
ETM+ image of 2002 to generate seven LULC layers 
and achieved a better classification result of over-
all accuracy ranging from 92.6% to 95.5% and Κ� 
values between 90.6% and 94.5%. 
 Finally, the 2007 LULC classification validation 
error matrices are presented in Tables 7 and 8. 
Table 8 shows the adjusted individual cell 
probability values which are the product of 
Equation (2). The computed user’s accuracy 
values of year 2007 classification, corrected for 
bias using the known map marginal proportions, 
range from 84.13% to 100%. Except shrub land 
class (84.13%), all LULC categories have high 
user’s accuracies of more than 90%. The user’s 
accuracy of shrub land is the lowest (84.13%). On 
the other hand, the probability correct value of 
each true class (the producer’s accuracies) is 
ranging from 28.54% to 99%. Cultivated, planta-
tion, shrub, urban and water bodies’ classes have 
high producer’s accuracy >80%. The lowest user 
accuracy occurs for bare, forest and marsh land 
categories as a result of spectral confusion with 
other LULC classes, such as mostly cultivated and 
grass land classes, because of errors of omission 
(Table 8). 
 





BL CL FL GL MA PL SL UL WB nj. UAcc (%) 
BL 47 2 - 1 - - 1 1 - 52 90.38 
CL 4 119 - 2 1 - 2 - - 128 92.97 
FL - - 49 - - 1 3 - - 53 92.45 
GL - 3 - 56 - - 1 - - 60 93.33 
MA - 1 - 2 51 - - - - 54 94.44 
PL - - 1 1 - 48 - 1 - 51 94.12 
SL 2 1 2 1 1 1 53 1 1 63 84.13 
UL - 1 - - - 1 1 49 - 52 94.23 
WB - - - - - - - - 52 52 100.00 
n.i 53 127 52 63 53 51 61 52 53 565 OAcc=92.74% 
Κ�=91.48% PAcc 88.68 93.70 94.23 88.89 96.23 94.12 86.89 94.23 98.11  
 
Note: All abbreviations as defined in Table 3. 
 
 






BL CL FL GL MA PL SL UL WB 𝑃𝑃�𝑖𝑖  UAcc (%) πi 
BL 0.0326 0.0014   0.0007     0.0007 0.0007   0.036 90.38 0.036 
CL 0.0234 0.6965   0.0117 0.0059   0.0117     0.749 92.97 0.749 
FL     0.0027     0.0001 0.0002     0.003 92.45 0.003 
GL   0.0027   0.0508     0.0009     0.054 93.33 0.054 
MA   0.0001   0.0001 0.0029         0.003 94.44 0.003 
PL     0.0002 0.0002   0.0115   0.0002   0.012 94.12 0.012 
SL 0.0027 0.0013 0.0027 0.0013 0.0013 0.0013 0.0715 0.0013 0.0013 0.085 84.13 0.085 
UL   0.0010       0.0010 0.0010 0.0474   0.050 94.12 0.050 
WB                 0.0067 0.007 100 0.007 
𝑃𝑃�𝑖𝑖   0.059 0.703 0.006 0.065 0.010 0.014 0.086 0.050 0.008 1 OAcc=92.27% 
Κ� = 83.11% PAcc (%) 55.54 99.07 48.02 78.29 28.54 82.80 83.18 95.40 83.18   
 
Note: All abbreviations as defined in Table 3. 
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 Based on this image classification result, 92% of 
overall accuracy and 83.11% of 𝛫𝛫� agreement were 
achieved for the 2007 SPOT image classification 
(Table 8). This overall accuracy value agrees well 
with results of other studies. For instance, Yang 
et al. (2009) carried out LULC mapping using SPOT 
-5 images to identify crop types and crop areas in 
two different sites of south Texas (USA) and 
achieved overall accuracy values of 87% and 91% 
for the two study sites. 
 In general, the calculated producer’s accuracies 
as well as 𝛫𝛫� agreement values for the bare, forest, 
marshy and plantation layers in the original error 
matrix (Tables 3, 5 and 7) are higher than the 
computed values of bias correction using known 
map marginal proportion (Tables 4, 6 and 8). The 
reason for this difference is that the adjusted 
producer’s and overall accuracies as well as 𝛫𝛫� 
agreement values have been corrected using 
known map marginal proportions for the areal 
bias introduced by the stratified random 
sampling scheme. This illustrates that the known 
map marginal proportion (πj) is very important 
to remove sample bias introduced in line with 
random sampling design. However, there is a 
slight difference in overall accuracy values 
among the original and adjusted matrices using 
known map marginal proportion. Besides, the 
2007 LULC classification was achieved at the 
highest level of accuracy, as compared with the 
1973 MSS and 1995 TM Landsat image classifi-





Earth observation remote sensing satellites 
provide essential inputs for LULC classification at 
watershed scales, which are not commonly in-
ventoried through ground surveying methods. 
However, in order to use the LULC thematic 
layers for a particular application, users should 
know how accurate these maps are. The reason is 
that the importance of any thematic layer derived 
from remotely sensed data depends on its fitness 
for various applications and the quality of the 
derived map should be proved in terms of the 
accuracy of classification, which is determined 
during the CAA stage and is the focus of this 
study. Although the applicability of historical 
thematic map accuracy assessment is still a 
challenge, due to lack of retrospective ground 
truth or field survey referenced data (Foody, 
2002; Congalton and Green, 2009), the present 
study has addressed a vital issue for earth obser-
vation science practitioners and remotely-sensed 
data users regarding how to adequately perform 
CAA, using historical aerial photographs as refer-
ence data sources in the absence of ground truth 
datasets. 
 Reliable LULC quality maps were extracted 
using a deterministic (pixel based) supervised 
image classification approach. Although some 
classification errors, mainly between bare land, 
cultivated, shrub and grasslands were observed 
from the three years classified maps, the com-
puted overall accuracies and Kappa agreements 
fulfilled the minimum thematic mapping CAA 
quality management standard (Anderson et al., 
1976, Landis and Koch, 1977; Arora et al., 2005; 
Brown, 2005; Jensen, 2005; Congalton and Green, 
2009). Relatively speaking, high producer’s, user’s 
and overall accuracies as well as 𝛫𝛫� agreement 
values were achieved from the 2007 SPOT image 
classification, as compared with the 1973 and 
1995 LULC classification. The reason is the higher 
spatial resolution (10 m) of the 2007 SPOT image 
compared with the 1995 (30 m) and 1973 (57 m) 
TM and MSS Landsat images, respectively. In 
addition, this study confirmed that economical, 
accurate and dependable LULC thematic layers 
can be derived from multi-temporal satellite 
images having different spatial resolution with 
acceptable quality. Therefore, these thematic layers 
can be used as input to: i) describe and quantify the 
structures, compositions and distributions of 
landscape elements; ii) use various environ-
mental modelling applications; or iii) serve as 
bases for policy options for devising integrated 
landscape and land resource management. However, 
to minimize the problem of classification confu-
sion resulting from mixed pixels and to obtain 
optimal level classification, research using a 
fuzzy set theory (sub-pixel) classification ap-
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